Abstract-In this paper, a novel projection onto convex sets (POCS) method is presented for the suppression of blocking and ringing artifacts in a compressed image that contains homogeneous regions. A new family of convex smoothness constraint sets is introduced, using the uniformity property of image regions. This set of constraints allows different degrees of smoothing in different regions of the image, while preserving the image edges. The regions are segmented using the fuzzy c-means algorithm, which allows ambiguous pixels to be left unclassified. Experimental results on JPEG compressed images demonstrate that the proposed algorithm yields visually superior images compared to several of the recently reported POCS deblocking algorithms for the class of images considered.
many applications in signal and image processing problems [1] - [8] . It has also been intensively investigated in the past for coding artifacts suppression. The method works by iteratively updating the BDCT data, using a priori knowledge about the compressed image. Two prominent constraints have been used, namely the quantization constraint in the DCT domain, and the smoothness constraint in the spatial domain. In the formulation proposed by Zakhor [9] , it is argued that the frequency components, which are higher than a given cutoff frequency, are mainly due to the blocking artifacts. However, the original image may contain high-frequency components above the given cutoff frequency; hence, the method may produce an excessively smoothed image. This method is equivalent to blind low-pass filtering regulated only by the quantization constraint. In the formulation proposed by Yang et al. [10] , smoothing is only performed at the block boundaries. However, the blocking artifact is mainly caused by the differences between intensities of two adjacent blocks, rather than only the pixels in the block boundaries. Therefore, this technique results in insufficient suppression of coding artifacts. In the method proposed by Paek et al. [11] , it is assumed that the original image is highly correlated, where the global frequency characteristics in two adjacent blocks are very similar to the local frequency characteristics of each block for smooth region. However, this assumption does not apply to blocks containing edges, thus preventing the suppression of blocking artifacts for those blocks.
Blocking and ringing artifact suppression is usually approached based on either block boundary pixels or adjacent blocks. The smoothness constraint can be applied to the homogeneous regions. This region smoothness constraint, which is applied on image regions, gives a more global smoothing then smoothness constraint for blocks or block boundary pixels. Edges will not be oversmoothed, since they form boundaries of regions and are not affected by the region smoothness constraint. None of the previous methods have explored the possibility of incorporating homogeneity of segmented regions of the image to regulate the smoothing on the compressed image. Therefore, by incorporating the region smoothness constraint, better suppression of blocking and ringing artifacts can be achieved for the class of image considered.
II. CONSTRAINED IMAGE RECOVERY
In this section, the recovery of the original image from the compressed data is attempted using the theory of POCS. The imposed constraints include the transmitted BDCT coefficients 1051-8215/02$17.00 © 2002 IEEE with the prior knowledge on the quantizer and the available a priori knowledge in the spatial domain, in the form of a region smoothness constraint.
A. Theory of POCS
The conceptual basis of POCS is that the available constraints can be represented as convex sets in a Hilbert space, [1] , [11] . For image reconstruction, the Hilbert space is the set of all two-dimensional square integrable functions with the usual inner product (1) where represents the complex conjugate. In image reconstruction problems, every known property of the original restricts it to lie in a corresponding closed convex subset of . In general, therefore, such properties will generate well-defined closed convex sets , where , and therefore
The intersection is also closed convex and contains . Consequently, irrespective of whether contains elements other than , the problem of reconstructing from its properties is equivalent to that of finding at least one point belonging to .
If the projection operator , projecting onto its respective convex set is effectively realizable for , the problem is recursively solvable. The rule that assigns to every its nearest neighbor defines the nonlinear projection operator :
unambiguously, i.e.,
Consider the composition operator
Then the following recursion (5) converges to an element in as , for any arbitrary starting point . For details on POCS theory, readers are directed to [1] , [12] .
B. Convex Sets and Projectors
POCS-based image recovery algorithms require two sources of information to be represented as convex sets: 1) the constraint sets with the information derived from the available data and 2) the constraint sets with the prior knowledge supplied to complement the available data. In the case of JPEG compressed images, the data constraint in the BDCT domain for an block can be formulated as follows [9] : (6) where are the quantized BDCT coefficients of image vector . is an unitary BDCT transformation matrix. and are the th minimum and maximum allowable BDCT coefficients as determined by the quantizer's th quantization interval and the th quantized BDCT coefficient , i.e., (7) (8) The projection of onto the set is given by (9) where if if otherwise.
(10)
The smoothness constraint in the spatial domain, based on the region homogeneity within the image, is formulated as follows: (11) where is a homogeneous region in the image (i.e., , and is given by (12) with representing the number of elements in and the bounding value.
1) Convexity of :
A set is convex if and only if it contains every convex combinations of its elements, i.e., for every and , for all . Let and let where . Therefore, . According to (12) , it can be derived that . Then by the triangle inequality and the linearity of the Euclidean norm, we obtain (13) Therefore, and hence the set is convex.
2) Closedness of :
A set is closed if and only if it contains all its limit points. Let be a sequence in such that , which implies that . According to (12) , it can be shown that . Therefore (14) When (15) Thus, and the set is closed.
3) Projection of :
Let and , where is the projection of onto , i.e.,
, where is the projection operator. Let the regions and . Therefore, and . Consider the Lagrange functional (16) where is the Lagrange multiplier. Using (12) and taking the partial derivative of with respect to a particular and setting it to zero, we obtain (17) which yields (18) From (12) and (18) 
III. EXTRACTION OF HOMOGENEOUS REGIONS
In order to implement the new region smoothness constraint introduced in this paper, the homogeneous regions need to be extracted from the compressed image. This task is performed using the fuzzy c-means (FCM) clustering algorithm for labeling similar colored regions. Fuzzy techniques for image segmentation have been chosen due to the following reasons.
• POCS solution can be adversely affected by mis-labeling, which can occur with hard c-means (HCM) clustering or thresholding techniques.
• It is more appropriate to label ambiguous pixels, i.e., those having near-uniform membership values in all clusters, as unclassified, rather than assigning them to one of the clusters which could significantly affect the mean vector of that cluster. Pixels that are labeled as ambiguous are automatically estimated during the POCS iterations, without enforcing the region smoothness constraint on them. The extraction of homogeneous regions consists of three stages, namely initial cluster centers estimation, fuzzy c-means clustering, and pixels labeling.
A. Initial Cluster Centers Estimation
The initial cluster centers estimation is based on the histograms of the hue component of the color image. To obtain the hue component , the following transformation from RGB space is used [18] :
If the denominator is zero, then is set to /2. If , . Finally, is converted to degree by multiplying with 180/ . The hue histogram is obtained by quantizing the hue angle in degree into 180 bins. To smooth out small or closely spaced peaks, a [0.25 0.5 0.25] smoothing mask is run through the histogram. The initial cluster centers are then obtained from the smoothed hue histogram by locating the significant peaks in the histogram and adopting the RGB values that correspond to those peaks. A peak at a particular bin is declared as significant if it is separated from other significant peaks by at least three bins and has more than 100 elements in the bin. For closely located peaks (i.e., 3 bins), the one with more elements is selected over the others.
B. FCM Clustering
The FCM clustering algorithm has been widely used in many pattern recognition problems [13] - [16] . The objective of FCM algorithm is to cluster the feature vectors by finding the local minimum of the generalized within cluster sum of squared error objective function (25) subject to the constraint , . In this application, is the finite set of color information, where is a three-dimensional RGB color , is smaller then a preset threshold. It was observed that due to the use of good initial cluster centers, the iteration converges rapidly within the first few iterations. In our implementation, the fuzzy exponent is set to 2 and the number of iteration is simply set to 10.
C. Pixel Labeling
After the membership value for each image pixel is computed, assignment of pixels to different class or region can be done. Neighboring membership information in a 3 3, i.e., neighborhood is used to smooth the labeling and region segmentation process. The incorporation of local spatial information will reduce the error of mislabeling when the pixels in the neighborhood indicate a strong preference for a particular class [16] . The pixel labeling procedure is as follows. First, the average membership value for the neighborhood is computed for each pixel, for each class. Then, for each pixel, the class with the largest and , say and , are determined. If , the pixel is assigned to region . If , we choose or depending on whether the difference between the largest and the second largest is larger than that of . Otherwise, the pixel is labeled as ambiguous. 
IV. EXPERIMENTAL RESULTS
The proposed image recovery algorithm has been tested on three different color images, i.e., "logo," "butterfly," and "smile," of size 256 256 shown in Fig. 1 . The images are BDCT encoded using the three quantization tables Q1, Q2, Q3 listed in Table I . The blocking and ringing artifacts are clearly visible in the compressed image (using quantization table Q2) shown in Fig. 2 . The performance of the proposed method is compared to that of the three POCS-based methods, namely the method of Zakhor [9] , Yang et al. [10] , and Paek et al. [11] . The smoothness bound in our algorithm is set to , where is the number of elements in each region. Fig. 3 shows the deblocked images that correspond to the images in Fig. 2 produced by the proposed algorithm. The blocking and ringing artifacts can be observed to have been largely suppressed. Table II gives the quantitative results of the comparative study in term of peak signal-to-noise ratio (PSNR) in decibels. For the three test images, the proposed algorithm has better performance over the algorithms of Paek and Zakhor. For the "smile" and "butterfly" image, Yang's algorithm is slightly better in PSNR than the proposed algorithm, whereas for the "logo" image, the proposed algorithm is better than Yang's algorithm. The slight decrease in performance of our algorithm for the "smile" and "butterfly" image is due to the existence of fine homogeneous regions (and the associated region boundaries) in the original images. These fine regions (and edges) are smeared out and destroyed after BDCT and lossy quantization, making them difficult to be labeled and segmented correctly into homogeneous regions by the FCM algorithm. Most of the pixels in these regions are thus classified as ambiguous and the region smoothness constraint is not applied to them. A more sophisticated region classification and segmentation procedure should be able to alleviate this difficulty.
To compare the subjective quality of the recovered images, part of the test images are shown in Figs. 4 and 5. It can be clearly seen that the proposed method is more effective in eliminating both the blocking and ringing artifacts compared to the other three methods, while preserving the edge details. In Fig. 6 , the PSNR improvement is compared among the four methods for increasing number of iterations for the image "logo." The method of Zakhor actually produced results that have lower PSNR than the compressed image. As noted by [17] , Zakhor's method of low-pass filtering does not actually constitute a projection operation. The low-pass filtering actu- ally blurs the edges, giving rise to the inferior results as shown in our experiment. The proposed algorithm is conceptually very simple. A major part of the algorithm is the segmentation of the homogeneous regions, which is done by using the FCM algorithm. Although the FCM can be quite costly in terms of computation, the finding of good initial cluster centers allows the clustering algorithm to converge rapidly. Good enough clustering results can typically be obtained within five iterations. The actual projection onto the region smoothness constraint set is computationally simpler than Paek's smoothness projection (which requires repeated one-dimensional DCT computations) and Zakhor's low-pass filtering operation. However, the significant improvement in the visual quality of the final image for the class of images considered justifies our approach. Our method has been specially designed to exploit the homogeneous region property in the image. The idea of smooth region constraint has to be extended to deal with image having nonuniform regions. One possible way to extend the method is to define smoothly varying regions instead of uniform regions. This is currently being investigated. Finally, although we have described the POCS-based method to deal with image artifacts produced by the BDCT, the method is generally applicable to other transform coding, such as wavelet transforms.
V. CONCLUSIONS
A POCS-based deblocking algorithm is proposed for the class of color images having uniform regions. The algorithm exploits the special property of this class of image, namely, the regions of uniform color value, to formulate region smoothness constraint set for the image recovery problem. Since correct segmentation of the uniform regions is essential to the successful application of the proposed algorithm, a segmentation procedure using the fuzzy c-means algorithm is presented. The fuzzy segmentation allows pixels with low membership values to be left unclassified, thus minimizing the risk of assigning them to the wrong region. Simulation results show that both the blocking and ringing artifacts can be significantly reduced using the proposed algorithm, while preserving the edges of the image. The proposed algorithm performs better than the POCS-based methods of Zakhor [9] and Paek [11] while comparable or better than Yang's [10] method, both in terms of objective and subjective quality, for the class of images considered.
